We aim to develop a method to visualize the abdominal aorta and its branches, obtained by CT or MR angiography, in a single 2D stylistic image without overlap among branches.
Introduction
In diagnosing and reporting vascular abnormalities from computed tomography angiography (CTA) or magnetic resonance angiography (MRA), it is often desirable to visualize all clinically relevant branches at once. An example application is the creation of a single summary image, which is often hand drawn by physicians in medical charts to convey a schematic representation of the subject's anatomy. Rather than serving for primary interpretation, the images communicate key features efficiently through annotation of the drawing. Conventional methods for computerized summary visualization, such as volume rendering (VR) and maximum intensity projection (MIP), have limitations for use in this context, although they provide an overview of the many slices of tomographic images in a realistic three-dimensional (3D) form.
These methods project the reconstructed 3D data to produce two-dimensional (2D) images so that they can be displayed on computer screens; thereby they often cause misleading intersections of vessels to appear. In order to address this problem, VR or MIP require user interaction to try several projection directions in turn, or to examine only small portions at a time. If all clinically relevant vessels can be shown without overlaps, then a single image will be enough for summary visualization.
In this paper, we introduce the uncluttered single-image visualization (USIV), a summary visualization method for the abdominal aorta and its branches (abdominal aortic vessel tree), as it might be captured by CTA and magnetic resonance angiography (MRA), in a single 2D image. Our method presents all clinically relevant vessels in a single image without misleading overlaps, and with minimal distortion, thus preventing unnecessary user interaction and enhancing the readability of the 2D visualization. In addition, our method makes visualization independent of user interface devices. Output visualization can be displayed simply on a monitor or even printed on a sheet of paper.
Prior work that is closely related to ours is the research of Kanitsar et al. [17] , developed in the context of the curved planar reformation (CPR) visualization method, which has been used to visualize the lumen of a blood vessel on a 2D plane [26] . Wide use of CPR has been restricted to a single vessel segment because of the difficulty of defining a curved plane spanning multiply branching vessels. As an extension of CPR to multiple vessels, Kanitsar et al. proposed two methods for compositing individual CPRs: multipath CPR, which preserves the spatial coherency of vessels while allowing significant overlap, and untangled CPR, which relaxes spatial coherency by hierarchically enclosing vessel centerlines in circular sectors (called vessel hulls) and rotating them, in order to avoid overlaps. Although visualization of the lumen is not a primary goal of this work, the methodology of Kanitsar et al. provides important insight into how to handle vascular geometry: the use of the enclosures of vessel centerlines, and the relaxation of spatial relations.
Our method models the anatomy of the abdominal aortic vessel tree as an articulated object whose underlying topology is a rooted tree. Our method does not have knowledge of anatomy beyond the starting point (root) of the vessel tree, does not require branch identification [22] . The inputs to our method are the 3D centerlines of the vessels and their associated diameter information. The outputs of our method are the 2D centerlines of the vessels that resemble the orthogonal projection of their 3D counterparts onto a predefined viewing direction, but they are free of false intersections. Their widths are modulated by the local diameter of the vessel, thereby producing a stylistic visualization of the abdominal aortic vessel tree.
This stylistic visualization is similar to the previous work by Oeltze et al. [23] , which models the vascular wall with convolution surfaces, and by Hahn et al. [11] , which uses truncated cones to schematically represent the vessels of the liver. Our work, however, focuses on producing a visualization with 2D geometry rather than 3D surfaces.
To test our method, we assembled a database of abdominal aortic vessel trees from multidetector CTAs.
We conducted a preliminary evaluation by radiologists, to see if the uncluttered single-image visualization produced by our method is recognizable by and acceptable to clinicians. We also quantitatively evaluated the distortion of the branches in the resulting images, and studied the association between the quantitative distortion metrics and subjective ratings of the readers.
The rest of this paper is organized as follows. In the Section 2, we review some relevant background concepts. In Section 3, we describe our visualization algorithm and how it was evaluated. In Section 4, we present the results. Discussion and concluding remarks follow thereafter.
Background

Anatomy of the abdominal aortic vessel tree
The abdominal aorta, the lower half of the largest artery in the human body, begins at the aortic hiatus of the diaphragm and runs down the posterior wall of the abdomen until it bifurcates into the left and right common iliac arteries (Figure 1 ). Not all aortic trees are identical. For example, the classical configuration of the celiac trunk occurs in 55 to 65% of cases [31] . Variations include, but are not limited to, hepato-splenic-messenteric trunk and celiac-mesenteric trunk, where the SMA is merged into the celiac trunk. The hepatic artery also has variations in more than 40% of cases [31] . These include a replacement of the common hepatic, arising from the SMA, or a replacement of the right hepatic artery, which is a branch of the common hepatic in the classical configuration, also from the SMA. Similar variations are seen in the renal artery number and location of origin.
Stretched Curved Planar Reformation
The main idea of CPR is to map the ruled surface 1 defined by the centerlines of the vessel and a chosen fixed scan direction (ruling vector) onto a display plane. CPR can be considered inverse texture mapping, working from a curved surface to a flat surface. In the stretched CPR [16, 30] , the mapping from the ruled surface to the flat surface preserves distances. As a result, this mapping preserves the arc length of the centerline, and is one-to-one between the points on the given 3D centerline and the resulting 2D centerline.
Two consequences of this bijectivity are that there is no self-intersection within the flattened centerline, and that the distal point is always the farthest point from the proximal. The latter property allows us to use a convex enclosure, such as the vessel hull [17] or the bounding box (to be introduced in Section 3.1.1),
to simplify the geometry of multiply branching vessel centerlines.
Articulated object models
An articulated object is a piecewise rigid object in which the rigid parts of the object are connected by joints. Each joint imposes kinematic constraints on the parts, which are either translational (in a prismatic joint) or rotational (in a revolute joint). The kinematic constraints imposed on the articulated object are, then, modeled as a graph. Each vertex in the graph corresponds to a part. Two vertices are connected by an edge if the two corresponding parts are connected by a joint. Representing real-world objects as articulated object models has been popular in robot manipulator modeling [21] and computer vision, such as human posture estimation and motion tracking [7, 10, 15, 20, 28] .
Reviewing how the articulated object model has been used in the human posture estimation problem illustrates how we can apply the articulated object model to our method. In the articulated object model of the human body, body parts (e.g. head, torso, arms, legs), are treated as rigid objects, and kinematic constraints are imposed with only rotational degrees of freedom. This topology is represented by a rooted tree. Usually the torso is considered the root. Designating a root is for convenience, so that each vertex has a unique parent [15] .
Tree structures, however, cannot model relations between parts that do not constitute a parent-child pair in the structure. For example, if the left hand is occluded by the right hand, the system gets confused since it is unable to find the left hand. Much effort has been made to overcome this limitation [20, 28] . Popular among these approaches is augmentation of the tree by adding additional edges that represent occlusion constraints among parts that can occlude each other. The resulting graph may vary from a slight modification of the tree [20] to the complete supergraph of the tree [10] .
In our method, we adopt the articulated model to represent the anatomy of the abdominal aortic vessel tree. The tree structure, which is a natural representation of the anatomical topology, is directly converted to the kinematic constraints of the parts. The constraints on overlaps can be interpreted as the occlusion constraints among parts. There are two distinct features of the aortic tree visualization problem when applying the articulated object model. First, a single underlying tree cannot be applied to all cases due to the individual variability of vascular anatomy. Second, the choice of joints is somewhat arbitrary. The former feature suggests that the tree structure needs to be constructed from data. The latter feature can be used to maintain the size of the tree. Figure 2 graphically illustrates the steps of our algorithm, as described in the following subsections:
Methods
Algorithm
Preprocessing
We assume that each vessel segment of the abdominal aortic vessel tree is described by a sampled centerline and that each sample point of the centerline is associated with the diameter of the vessel at the point ( Figure 2a ). The topology of the branches is described naturally as a rooted tree, where the most proximal aortic vessel segment becomes the root. In order to obtain a 2D representation, the mapping used in the stretched CPR of an individual branch is applied to individual centerlines. Given a viewing direction, the ruling vector for the stretched CPR is chosen as one perpendicular to the viewing direction and the principal direction of the centerline, obtained by a principal component analysis (PCA) of the sample points, as suggested by Saroul et al. [30] . Then, the obtained centerlines are rendered so that the proximal point of a child vessel coincides with the distal point of the parent. In this way, the tree topology is maintained in the 2D representation. The resulting 2D tree is essentially a multipath CPR [17] In order to approximate the tubular geometry of a vessel segment, the shape of bounding boxes is kept thin. If the aspect ratio (width/length), of the bounding box corresponding to a vertex of the tree is beyond a threshold, then the vertex is subdivided into two vertices and an edge. New bounding boxes are computed for the two subdivided vertices. In this way, the tree structured articulated object model is constructed in a data-dependent manner. The subdivision also increases the degrees of freedom of the articulated object model and reduces the chances of overlap between large bounding boxes ( Figure 2d ).
The configuration of the subdivided vessel parts is again represented by the orientations of the vessel parts with respect to a common coordinate system. The set of orientations of the subdivided vessel parts is the variable of the optimization problem described in the following sections, and its initial value serves the role of the reference configuration with respect to which a new configuration is evaluated.
Problem formulation
Two criteria Given the articulated object model of the abdominal aortic vessel tree, our objective is to find a configuration of the vessel parts that 1) minimizes overlap among bounding boxes, and 2) minimizes the deviation of the visualization from the reference configuration. Obviously, unless the reference configuration is free of overlap, these two goals conflict. This is a typical multicriteria optimization problem, and we follow the usual solution method. We formulate the metrics of each criterion and construct a single score function comprised of a linear combination of both criteria.
Overlap metrics
The overlap between two vessel segments is quantified by the sum of the pairwise overlap metrics for all pairs of vessel parts in their respective configuration. For any vessel part pair (v, w), the areas of two bounding boxes and their intersection area are denoted by A v , A w , and A vw , respectively.
The orientations of the bounding boxes in the pair (v, w) are denoted by Θ v and Θ w . Note that A vw is a function of Θ v and Θ w , i.e., A vw = A vw (Θ v , Θ w ). Then, the function
is the larger of the two ratios of the intersection area to the vessel part area. This function is minimized at 0 when the two vessel parts do not overlap, maximized at 1 when the two completely overlap, and is between 0 and 1 if the overlap is moderate. It is a good quantifier of the overlap between a pair of vessel parts. There is a question of whether to count an overlap of a joint-sharing pair of vessel parts, i.e., the parts that constitute either a parent-child pair or a sibling pair. For such a pair, some overlap of the parts at the joint is unavoidable. Furthermore, if the overlap is counted, the relative orientation between the vessel parts would tend towards ±90
• or 180
• , since at these orientations the overlap area is minimized.
On the other hand, if the overlap is not counted, the two parts of a pair that hide the majority of each other could tend to retain their relative orientation. Thus, it is desirable to keep the overlap metrics small for joint-sharing vessel part pairs and regularize them by deviation metrics. These observations suggest a pairwise overlap metric
where 0 < α < 1 andρ
is designed so that unavoidable overlap is less severely penalized than avoidable overlap among non-joint-sharing pairs. The total overlap of the given configuration is defined by the sum of the pairwise metrics over all pairs of vessel parts:
Here, V denotes the index set (vertex set) of the vessel parts. J = E k ∪ E s is a set of joint-sharing vessel part pairs. The set
is the edge set of the underlying tree T = (V, E k ) of the articulated object model constructed in Section 3.1.1, and the set
is the additional edge set for the sibling pairs. The number α has an interpretation as the contribution of the joint-sharing pairs of vessel parts to the total overlap. Using the rectangular geometric primitive greatly simplifies computation of the overlap. In Eq. 1, the areas A v and A w of the bounding boxes v and w are trivial to compute. The area of the intersection A vw (Θ v , Θ w ) can be computed efficiently using the intersection area algorithm for two convex planar polygons [24] . 
Deviation metrics
The pairwise deviation metric is designed so that the sum of the metrics over all joint-sharing vessel part pairs is minimized (zero) when there is no change in their relative orientations, i.e., for the reference configuration. The use of trigonometric functions handles the periodicity of the angle automatically. The total deviation of the given configuration is defined by the sum of the pairwise metrics over all pairs of joint-sharing vessel parts:
Score function The score function evaluating the objective of deviation and overlap minimization for the USIV problem is now defined as follows:
where λ is the Lagrangian multiplier or the weight given to the total deviation. The USIV problem is then cast as an optimization problem that minimizes the score function E over the configuration space of (Θ 1 , . . . , Θ |V | ). Although the underlying graph of the articulated object model is a tree, Eq. 5 is defined over the complete supergraph
Note that the complete supergraph K |V | is the interaction graph of Eq. 5. There are O(|V | 2 ) interaction terms.
Optimization
Simulated annealing Because of the large number of interaction terms (e.g., 780 interaction terms for a model with 40 vessel parts) and the nonlinearity of each term, minimization of Eq. 5 is considered a hard optimization problem to solve. We use simulated annealing (SA) [19] , a stochastic optimization algorithm, to minimize the score function of Eq. 5. The key idea of SA is to interpret the optimization variables as state variables of a probabilistic system and change the internal state according to the transition probabilities of the state variables. SA has many variants according to the choice of the state transition strategy. We chose adaptive simulated annealing (ASA), formerly known as very fast simulated re-annealing (VFSR) [14] because of its popularity and the availability of software.
Constraining the search space We use domain knowledge to reduce the search space. As the largest artery of the body, the aorta can be considered a frame of reference in relation to which other branches are recognized. The common iliac bifurcation serves a similar role, as it is the most noticeable bifurcation in the abdominal aortic vessel tree. Anchoring the vessel parts that correspond to the aorta and common iliac arteries creates a configuration that does not differ much from what is expected from the model anatomy (Section 2.1), while reducing the dimension of the problem variables.
In order to identify the vessel parts corresponding to the aorta and the common iliac bifurcation, we use clues given by the branching pattern to identify the dominant branch. Given a vessel part, the child with the largest diameter is considered dominant and is recognized as the continuation of the parent vessel part.
The other children are considered branches. If the widths of the children are nearly equal, then the child that diverges least from the direction of the parent is declared the dominant branch [4] . A recursive run of this algorithm yields a path of vessel parts starting from the aorta and ending with a branch of one of the two common iliac arteries. A path starting from the other common iliac artery is identified easily and is attached to the first path at the common iliac bifurcation. This combination of the two aorto-iliac paths is fixed and is called a "backbone" of the abdominal aortic vessel tree.
Two-pass optimization It is possible that SA will not converge to a configuration that eliminates all vessel intersections. In this case, we run a second-pass SA optimizer for only the intersecting branches.
The branch intersections are measured indirectly by the sum of the pairwise overlap metrics Eq. 2 for the subtrees of the backbone. The second pass has much fewer dimensional problem variables than the first, and is expected to perform faster, because we can regard the other non-intersecting branches as a new backbone. More than two passes of SA are undoubtedly possible, but our experience shows that two are enough.
The USIV output
From the optimized configuration of the vessel parts, the centerlines enclosed by the bounding boxes are reconstructed (Figure 2e ). Then, a stylistic visualization is generated by modulating the widths of the centerlines by the diameters, thereby constituting an uncluttered single-image visualization (Figure 2f ).
Evaluation
We conducted a preliminary evaluation of our method using a set of real abdominal aortic vessel trees.
Patient Data and Reference
Five patient scans of abdominal CT angiography, chosen to contain normal and typical anatomic variation, were collected retrospectively from our CTA archive. One had a replaced hepatic artery off of the SMA and two had an accessory renal artery (one on the left side of the abdominal aorta, the other on the right).
Among the two cases with classical configuration of anatomy, one case had a very short SMA and common iliac arteries. Table 1 provides the CT scan parameters. Under the approval of our Institutional Review
Board, all the CT images were anonymized as required by HIPAA.
For each of the cases, the CTA images of the abdominal aortic vessel tree were segmented using the vascular modeling toolkit (VMTK) [1] . A radiologist who specialized in vascular imaging labeled the major aortic branches of the resulting segmentation. We used this labeling as our reference for the subjective evaluation (Section 3.2.4). Table 2 summarizes the labeled branches and describes the anatomical variation amongst the subjects.
Generating Outputs for the Patient Data
Using the algorithm described in Section 3.1, we obtained uncluttered single-image visualizations in the antero-posterior viewing direction for each of the five cases. To address the stochastic nature of the algorithm, 10 different variants of USIV outputs, the outcomes of our method with randomly chosen seeds for the SA optimizer, were generated for each case. Centerlines of the arterial branches and the associated vessel diameter information were obtained from the segmented abdominal aortic vessel tree, again using VMTK. The tree structured articulated object model and the reference configuration of vessel parts were built upon the information that VMTK provided, as described in Section 3.1.1. We implemented our algorithm in MATLAB and C on a GNU/Linux system with a 3GHz AMD processor with 8GB RAM. The publicly available ASA library [13] and its MATLAB gateway [29] were used in the software. Table 3 gives the values of the parameters used for the implementation. Note that the overlap metrics for the non-joint-sharing vessel part pairs were given 5,000 times as much weight as the overlap metrics for the joint-sharing pairs. For more details about the parameter selection, see Appendix. We stopped the first pass of the algorithm after 20,000 iterations. The second pass, if required, was stopped after 5,000
iterations from the vessel part configuration that our method produced, and with the centerlines and the diameter information associated with the parts, a stylistic visualization (USIV) was generated using a distance surface renderer [5] . These visualizations were evaluated both quantitatively and subjectively, as follows.
Using the Score to Determine Candidate Visualizations for Evaluation
From the 10 variants for each of the five cases, we chose six different variants of USIV outputs. We selected the three variants with the lowest scores (SA-optimized values of Eq. 5) and the three with the highest.
For each case, the score rankings of the six variants were kept for cross-case comparison of the visualizations. Note that the SA optimization scores were only comparable among the variants of a given case, not across cases. However, the rankings of the variants can be compared across the cases.
Subjective Rating
The purpose of this subjective rating study was to see whether the distortion of the visualizations introduced by our method, with regard to the expected appearance of branches, was acceptable to clinicians. Three radiologists labeled the branches on the 30 stylistic visualizations produced by our method. For each branch label of a visualization, the radiologists labeled the branches with their anatomical names and reported their confidence in labeling and their rating of distortion with regard to the expected appearance of the branch, on a low/medium/high scale. The labels were compared to the ground truth set by the independent radiologist in Section 3.2.1.
Quantitative Metrics
Overlap metrics The overlap among the branches in the reference configuration and the configuration produced were evaluated according to the following metrics: This average measures the overall angular distortion within the branch.
Branch rotation The deviation angle of the part corresponding to the root of a branch is used as a measure of the rotation of the whole branch with respect to the backbone.
Association Study
To evaluate the association between the quantitative metrics introduced in Section 3.2.5 and the subjective ratings by the radiologists (Section 3.2.4), we analyzed the results using statistical methods. If an association was found, we could then use the quantitative metrics to predict the subjective responses of readers. The analysis was performed on both a per-variant and a per-branch basis.
In the per-variant analysis, we studied whether the score ranking was a reasonable predictor of the readers' subjective distortion ratings. In the per-branch analysis, we studied whether the branch-level quantitative metrics, developed in Section 3.2.5, could predict readers' subjective distortion rating.
Results
Subjective Ratings
The labeling accuracies of the three readers were 93.4%, 94.5%, and 95.4%, respectively. The corresponding 95% confidence intervals were respectively 90. The three subjective metrics were correlated. The distortion ratings were negatively correlated with the confidence ratings (Spearman r = −.36, p < .0001). Higher accuracy was associated with higher confidence ratings (low: 77% accuracy; medium: 88%; high: 97%; p < .0001, according to Fisher's exact test).
Incorrectly labeled branches had higher distortion ratings than correctly labeled ones (mean 1.95 vs. 1.31; p < .0001, according to the Mann-Whitney test). Table 4 reports the overlap metrics for the 30 visualizations. For each case, the table lists the number of centerline intersections and the percentage reduction of the number of centerline intersections, the average overlap proportion metric and the maximum overlap proportion metric of the configurations produced. For the three metrics, the mean and the standard deviation of the six variants are reported for each branch.
Quantitative Metrics
The overlap metrics agreed with readers' visual inspection; no branch crossing were reported. Table 4 and Figure 6 show that the intersections among the centerlines were completely removed for all the variants in each of the five cases. The average and the maximum overlap proportion metrics were also significantly reduced. This reduction was most noticeable for the splenic, the hepatic, and the superior mesenteric arteries, as well as for the backbone. Table 5 presents the branch distortion metric and the branch rotation metric for the 30 visualizations. For both metrics, the mean and the standard deviation of the six variants are reported by case and by branch.
The splenic, hepatic, and superior mesenteric arteries, which showed the most noticeable overlap reduction, had higher branch distortion. Figure 3 is a plot of the total subjective distortion rating, the sum of the subjective distortion given by a reader for each branch of each variant, from best to worst. (For each variant there are 5 cases × 3 readers = 15 samples.) There was no significant monotonic trend in the association between the variant rankings and the total subjective distortion rating (p = .1132, according to the Jonckheere-Terpstra test). There was also a lack of appreciable monotonic trend among the histograms of the total subjective distortion ratings versus the variant rankings ( Figure 3) . However, the lowest ranking variants had significantly lower distortion ratings then the highest ranking variants (p < .02, according to the Mann-Whitney test). Figure 4 plots the subjective distortion rating versus the branch rotation by case and variant, while Figure   5 plots the subjective distortion rating versus the branch distortion by case and variant. The fit from a locally weighted linear regression is also displayed for each graph to reveal the trend.
Association Study
Per-variant analysis
Per-branch analysis
A population-averaged generalized estimating equations (PA-GEE) regresssion model [12] (identity link, exchangeable correlation) of subjective distortion rating was fitted to the branch rotation and branch distortion metrics, with the case and variant as covariates. The result is reported in Table 6 . Both the branch rotation and the branch distortion were significant predictors of a reader's subjective distortion rating (Table 6 , p < .0001 for both factors). Figure 6 provides a visual display of the outputs of our method. All of the 30 visualizations are presented by case and by variant, sorted from the lowest score (best) to the highest score (worst).
Visual display of outputs
Discussion
Subjective Ratings
The readers' labeling accuracy was high overall (94.4%). Errors tended to occur in pairs. Of the mislabelings that take only 5% of the branches, one third involved the external and internal iliac arteries (whether right or left). This mislabeling is plausible since given a priori knowledge of anatomy, if branch b A is mislabeled b B , then highly correlated branch b B is likely also to be mislabeled b A . Section 5.3.3 discusses this subject further.
Quantitative Metrics
The noticeable reduction of overlap on the splenic, the hepatic, and the superior mesenteric arteries indicates that the false intersection due to the anterior-posterior projection generally involves these three branches. The right renal artery (RRA) of Case D exhibited a small increase in overlap proportion. This is because the RRA in the reference configuration takes off the aorta at almost 90 degrees, and our method produced configurations with the take-off angle at other values. Since the overlap between two bounding boxes tends to be minimized when the two meet at a right angle, deviation from a 90-degree angle is somewhat overrepresented in the overlap proportion metrics. The secondary left renal artery (LRA2) of Case C exhibited a similar phenomenon, although less severe than Case D, with an increase only in the maximum overlap proportion.
The branches with higher overlap reduction had higher branch distortion (Table 5 , Section 4.2). This is expected since these branches appear to overlap the aorta in the anterior-posterior viewing direction and require more deviation from the reference configuration to remove the overlap. The branch rotation was also higher for these branches. The overlap in the visualization was removed mainly at the expense of the rotation of these branches.
Association Study
Per-variant analysis
We can claim that the lowest ranking variants (in fact the best among the 10 in terms of score) have lower distortion ratings than the highest ranking variants (the worst of the 10), in spite of the lack of monotonic association between the variant rankings and the total subjective distortion rating. This is also supported by the shift of the histograms when comparing the "best" to the "worst" in the dot plot of Figure 3 .
The significant difference between the best and the worst variants illustrates that our heuristic of running the algorithm several times with different random seeds and selecting one with the best score is reasonable.
Although we cannot guarantee that the sorting of the outputs by score will yield subjective ratings of distortion in that order, the best variants (with the lowest score) will have the lowest overall subjective distortion rating.
Per-branch analysis
The monotonic trend between the branch rotation metric and the subjective distortion rating in Figure 4 was found to be significant (p < .0001, according to the Jonckheere-Terpstra test), as was the monotonic trend between the branch distortion metric and the subjective distortion rating found in Figure 5 (p < .0001, according to the Jonckheere-Terpstra test). In other words, lower distortion-rated branches have lower branch rotation metrics and lower branch distortion metrics. This result agrees with the regression analysis given in Section 4.3.2.
Exogenous effects
We examined if exogenous effects, such as the anatomical variants among the cases and the pairing of the internal and external iliac arteries, affected a reader's subjective ratings.
Effect of anatomical variants There were differences in subjective distortion ratings among the five cases (p < .0001, according to the Kruskal-Wallis test). Indeed, it was pointed out by the radiologist who set the reference standard that Case D, characterized by the short SMA and common iliac arteries, and Case E, characterized by the replaced hepatic artery, exhibited the most abnormal anatomy. These cases, as covariates in the PA-GEE regression model (Table 6) , were found to have a significant effect in predicting the subjective distortion rating (p < .0001). In other words, peculiar anatomy had a positive (i.e., increasing distortion) effect in subjective distortion rating.
Effect of internal/external iliac artery paring Mislabeled branches made up about 5% of the total labeling. One third of this 5% involved confusion of the external and internal iliac arteries, either right or left. Yet, despite the common mislabeling, external/internal iliac pairs had lower subjective distortion ratings than other branches (p < .0001, according to the Mann-Whitney test), lower branch rotation than other branches (p < .0001, according to the Mann-Whitney test), and lower branch distortion than other branches (p < .0001, according to the Mann-Whitney test). In other words, the confusion in labeling the external/internal pairs was not likely due to the distortion introduced by our method. It is rather because of the symmetry of the two highly correlated arteries, which appears when displaying these anterior and posterior running vessels using the antero-posterior viewing direction. Since our method displays these vessels laterally, without other clues, it is very difficult to separate these two short vessel segments apart.
A clue that could be used to improve their correct identities include fixed orientations of these arteries in the visualization, e.g., always putting the external iliac artery to the outside.
Execution time
The 
Limitations
There are four potential limitations to our visualization method. First, our method requires a reliable extraction of the vessel centerlines and diameters. There are many ways of defining the centerline and the diameter of a blood vessel [6, 8, 9, 18, 25] and the results of these methods do not necessarily agree. Of the available extraction methods, we used VMTK, which extracts a centerline as the trace of the maximum inscribed spheres of the vessel surface [3] . We chose to use the VMTK because VMTK provides a robust decomposition of bifurcating vessels [2] , important in our application which handles tens of centerlines.
However, it should be noted that our method is compatible with any other centerline extraction method.
Second, there is no theoretical guarantee of complete removal of overlap among the branches. Although reducing the value of the total overlap (Eq. 3) generally results in a configuration with reduced branch overlaps, this is not a guarantee of zero branch intersections. Our method takes an indirect approach to quantify the overlaps, i.e., the use of bounding boxes. A more direct approach of counting overlaps, however, faces an immediate difficulty since it inherently involves a combinatorial aspect of overlap (or collision) detection of complex shapes [27] , which is in general harder than continuous numerical optimization. More importantly, bifurcations or trifurcations in the abdominal aortic vessel tree make the perfect removal or detection of branch overlaps very challenging. Our use of the bounding box primitives and their overlap areas as a surrogate to the overlap count is a compromise between these difficulties and the need for quantifying overlaps, as well as for reducing computational demand. Third, this preliminary study involved only five cases with six variants for each, because of the time required of the radiologists in the subjective portion of the evaluation (about two hours per radiologists to review all 30 images). This small sample size limited the conclusion of the association study between the subjective distortion rating and the score ranking.
Finally, it was observed in the association study that the symmetry in the anatomy may cause confusion in identification of the branches. Much of the labeling error was due to the confusion of the internal and external iliac arteries, which come in pairs. Fixing the orientation by convention so that the right external iliac artery is always placed to the right of the right internal artery may help reducing the confusion. This requires an identification of the internal and external arteries by the algorithm. A branch identification system [22] may be combined with our method to produce a overlap-reduced single-image visualization with correct labeling of the branches.
Conclusion
We have presented a method for the uncluttered single-image visualization that can be used for summarizing patient-specific anatomy of the abdominal aorta and its major branches. Our method assumes a geometric representation of the vessel tree, such as the centerlines and the vessel diameter information that may be obtained from other available analysis tools, but does not assume further knowledge of anatomy, such as the names of individual vessels. Our method is capable of eliminating misleading false intersections in the conventional projection of a tree-like vascular structure by applying a simulated annealing based global optimization method. This method conserves the overall shape of the vasculature and can be combined with visualization of clinical information such as vessel diameter or lumen patency in a single image for a large portion of the human vasculature.
We tested our method using 30 visualizations produced from five patient scans with representative anatomical variants in the abdominal aortic tree. We evaluated the results using quantitative performance metrics and subjective responses from radiologists. We also analyzed the association between the quantitative metrics and the subjective responses. The experimental results show that the method produced visualizations that are acceptable to radiologists in the sense that the branches were recognized with high accuracy, and the subjective distortion was low.
The stochastic nature of the simulated annealing-based optimization method can be mitigated to some extent by running the algorithm several times with different random seeds and selecting the visualization that yields the lowest score. This is justified by the association study result that the visualization with the lowest score has lower subjective distortion than that of the highest score. Further study is required to see if 10 variants will be enough for a large dataset.
Appendix A Parameter Selection
This appendix describes experiments we performed with the USIV method to determine the sensitivity of the results to the relative change of coefficients in the score function, i.e., the weight λ given to the total deviation ∆(·) in Eq. 5, and the contribution α of joint-sharing pairs to the total overlap Ω(·) in Eq. 3. The values reported in Table 3 were perturbed in order to study their sensitivity.
A.1 The weight of the total deviation
We examined the weight given to the total deviation function ∆(·), which determines the relative importance of deviation with respect to overlap. We scaled the weight λ by 0.1, 0.8, 0.9, 1.1, 1. 
A.2 The contribution of joint-sharing pairs to the total overlap
We examined the contribution of joint-sharing vessel part pairs in the total overlap function Ω(·), which determines the relative importance of the overlap of joint-sharing pairs with respect to the overlap of non-joint-sharing pairs. We scaled the weight α by 0.1, 0.8, 0.9, 1.1, 1.2, and 10 from the reported value, with the other score function parameters held constant, as above. (e) Uncluttered bounding box configuration, obtained using the optimization procedure described in Relative weight 1 corresponds to the value of λ reported in Table 3 . The scale of the relative weights is linear for the values from 0.8 to 1.2, and is nonlinear from 0.1 to 0.8, and from 1.2 to 10. Relative weight 1 corresponds to the value of α reported in Table 3 . The scale of the relative weights is linear for the values from 0.8 to 1.2, and is nonlinear from 0.1 to 0.8, and from 1.2 to 10. Table 4 Branch-level overlap metrics
For each of the metrics, the mean of the corresponding metric is taken over the size variants, and its percentage reduction from the corresponding metric of the reference configuration is presented on the first line, by case and branch. The metrics of the reference configuration are given in parentheses on the second line.
Abbreviations follow the convention of For each of the metrics, the mean of the corresponding metrics, in degrees of arc, taken over the six variants, is given on the first line, by case and branch. The standard deviation of the metrics is given on the second line.
Abbreviations follow the convention of 
